The US workers compensation system is different from that in many countries, but it is reinsured in the world-wide market and so has international impact. From its origin it has been a laboratory for actuarial credibility techniques. In recent years deductibles have been increasing, so that fairly high excess coverage is now commonplace. This puts growing emphasis on estimation of the percentage of loss that is excess of high deductibles. A key element of the excess percentage is the frequency of loss by injury type. Fatalities and permanent disabilities cost more than other injury types, so when they have high relative frequency, more of the claims cost arises from large losses. The vector of claim frequency by injury type can be estimated by class of business using multi-dimensional credibility techniques. Historically the fraction of costs excess of various retentions has been calculated for large groups of classes (hazard groups) and not individual classes. We show, by testing a hold-out sample, that credibility estimation by class does produce additional information in comparison to a widely-used seven-hazard-group system. ________________________
Using Multi-Dimensional Credibility to Estimate Class Frequency Vectors in Workers Compensation
The regression framework for credibility started with Hachemeister (1975) and has generated an impressive literature since. We apply a small portion of this to estimate vectors of relative frequency by injury type for classes of US workers compensation insureds.
US workers compensation classes are based on industry breakdowns and in some cases even particular occupations within industries, to the extent that these have different accident potential. For instance, putting food into cans is apparently more hazardous than putting it into boxes, so these occupations would get different classifications. The occupation class rates vary by state, but usually not within state.
Estimating loss costs by class has been a focus of actuaries since the workers compensation system started in 1912. In fact early versions of credibility theory and even the creation of the Casualty Actuarial Society arose to deal with workers compensation issues. The recognition that large individual claims were a driving force in loss costs also came early, with an excess reinsurance pool formed by 1914. Rating plans that charge large manufacturers their actual small losses plus a charge for large losses also have a long history, so excess rates are not a new topic. However true excess coverage is newer, and is now a large part of the workers compensation business. Thus there is a growing interest in estimation of excess loss costs. This is driving an exploration of methodologies that might be useful for excess loss estimation. Insurance companies in the US report class by state data to state rating bureaus and the National Council on Compensation Insurance (NCCI), which collects detailed data in 38 states. The NCCI and state bureaus as well as large insurers and reinsurers are all investigating ways to improve the estimation of excess costs for the class/state cells. Traditionally this estimation used a four-hazard-group breakout for estimation of injury-type 1 frequencies. Hazard groups are collections of classes similar in their excess loss potential, relative to total losses. There are significant claims cost differences across injury types, so estimating the frequency of claims by type for each hazard group has been the main emphasis of excess rating.
Recent innovations in excess rating include bureaus using more hazard groups -as many as nine, with the NCCI using seven -to get more homogeneity in loss potential; looking at possible differences in claims costs within an injury type across classes or hazard groups; and looking for better ways to combine data from different state systems. Some insurers and reinsurers have tried to produce individual class excess rates, at least for the larger classes. We compare the class credibility approach with the seven-hazard-group frequency-only method, and find that it does provide improved estimation.
There are some variations in the way injury types are defined. We use the following injury types: fatal, permanent total injury, major permanent partial impairment, minor permanent partial, temporary total, and medical-only. We 1 A categorization of injuries by severity, defined in more detail below 4 abbreviate these F, PT, Major, Minor, TT, and Med. A typical breakout of relative frequency and severity by injury type, using TT as the base, is: 
DEVELOPMENT OF THE CREDIBILITY PROCEDURE
The serious injury types have low frequencies so class claim counts are fairly unstable. What helps however is the fact that they are correlated. The physical circumstances producing fatal, permanent total, and major permanent partial injuries are often quite similar, as slight differences in an accident can yield significantly different outcomes. Thus a class that experiences a lot of major PP claims is likely to have a higher than average propensity to produce PT and fatal claims as well. By applying multi-dimensional credibility theory, the correlations can be used to improve the estimates of each of the elements.
Credibility estimation is similar to regression in that it is a linear model fit by 
where the ε jt are independent mean-zero innovations whose standard deviation σ Wi varies by class but not by time. This looks at each TT claim as an exposure that could produce a PT claim and sometimes does. As one possible example, ε jt might be 1 -w i with probability w i and -w i with probability 1 -w i .
This gives it mean 0 and variance σ (
The coefficients sought are a, b, c, d, and e. Differentiating (1) wrt a gives:
Substituting this a back into a + bV i + cW i + dX i + eY i makes this estimate of w i :
The expectation for w i is unconditional, so it is over all classes. If this procedure is done within a hazard group, it then estimates the hazard group mean ratio of PT to TT. Thus if the class' own data gets zero credibility, the hazard group ratio will be used. Also the unconditional expected value of W i is Ew i 4 Originally credibility looked to optimize any linear combination of the observations, but as this always reduced to combinations of the means, it is often easier to start with that as the goal.
(the conditional mean is w i ), so c is the traditional credibility factor Z. In the traditional case, the estimation uses only class i's own sample mean W i so the
The derivative of (1) wrt b gives:
Plugging in (2) for a then yields:
This can be rearranged to give:
Doing the same thing for c, d, and e will yield three more equations that look like (3), but with the variance moving over one position each time. This will end up with four equations that can be written as a single matrix equation:
where C is the covariance matrix of the class by injury-type sample means, which show up in (3), for instance. for VHM V , converted to our notation:
Here V is the weighted average of the V i 's using weights m i and EPV is estimated from the sample variances for each class. Also Dean (2005) gives: 
PERFORMANCE TESTING
We had seven years of class data, at various levels of maturity, for the estimation, but for testing we discarded the quite immature first report. As a test, we calculated injury type relativities from the even reports (2, 4, and 6) and used these to predict the hold out sample of odd reports (3, 5, and 7). Table B lists totals for all injury types. The credibility procedure yields a modest reduction in the sum of squared prediction errors. The credibility procedure is designed to minimize the ex-pected deviation between the true class mean and its sample estimator over the same time period (the even years). In performance testing, however, a threeyear holdout sample of odd years is used as a proxy for the even year's true mean. That is, the estimator derived from even-year data is compared to the ratio for the holdout sample from odd years. Thus, there is some disconnect between the expectation being minimized and the statistic being used to gauge performance. CAPM is a theory about the relationship between beta and expected excess return. Even an average of returns for an individual stock is volatile. Additionally, there are systematic effects that vary over time, which means that a firm's beta is not constant over time. The BJM approach of using portfolios diversifies away the systematic, firm specific part of variation in returns.
In our case, performance testing based on a sum of squared errors criteria only produces a slight improvement; however, testing based on ranked portfolios of state-class combinations demonstrates a significant improvement. Our approach is based on the "quintiles test", a technique developed by NCCI for testing their experience rating plan. Gillam (1992) explains that the "quintiles test" is a logical extension of Dorweiler's criteria. (Dorweiler's groups were defined by modification range, but varied by size.) In our analysis, class relativities to the hazard group average are analogous to the experience rating modifications of interest to Gillam. We illustrate the procedure using W relativities for classes in the fairly large hazard group D, but the procedure for the other injury types is the same. This is illustrated in Table C . For the quintiles test, the classes within hazard group D were first grouped by credibility weighted relativity from the even years data into five groups of roughly equal size. (The boundaries were selected to make the number of TT claims in each quintile about equal.) The lowest 20% of the credibility weighted class relativities belong to the risks in the first quintile; the next 20% to the second; and so on. Column (2) represents the average relative frequency W for the classes in the quintile divided by the corresponding estimate for all of hazard group D. For example, the relative frequency of PT claims (as a ratio to TT) for the classes in the first quintile is about half of the hazard group average; the fifth quintile average exceeds the hazard group average by 52%. Upwardly sloping relativities are desirable, indicating that the credibility procedure used to determine quintiles tends, on average, to identify class differences in W.
The goal is to predict the column (2) frequency relativity for each quintile.
Column (3) is a prediction based on the hazard group average. All its entries are equal to unity--since by assumption every quintile has the hazard group D relative frequency for PT. The predictions in Column 4 are based on raw class relativities observed for the even years. The aggregation of the classes in the fifth quintile, for example, has an even year relative PT frequency that is 215% of the hazard group average. Column (5) predictions were derived using the multi-dimensional credibility procedure described in this paper.
The exhibit is based on five groups with about 1400 PT claims in the even years. As expected, the ratios in column (2) increase across the quintiles;
classes for which credibility predicts high relativities using even year data tend to generate high relativities during the odd years. The predictions in column (3), are too high for the first three quintiles and too low for the last two; the sum of squared prediction errors based on column (3) predictions is 0.5618. Similarly, the sum of squared prediction errors based on column (4) predictions is 0.7315. The upward slope in column (4) is too steep; the odd years exhibit regression toward the mean. The credibility procedure predictions in column (5), have a sum of squared prediction errors of 0.0105. To the extent the class relativity procedure performs, the ratios in column (5) will track those in column (2); producing a lower sum of squared deviations. As indicated by the sum of squared prediction errors in Table D, the results are similar for most other combinations of injury type and hazard group, the exception being hazard group A for all three injury types. The quintiles test suggests that hazard group A is homogeneous and the credibility procedure is not improving the estimation there, although the sum of individual squared errors is slightly better for the credibility estimates. For Major the raw class data provides surprisingly good estimates for the quintiles as a whole once these have been defined by the credibility procedure. These estimates are quite good for Minor as well (not shown). However Table B shows that raw class data does poorly in predicting individual class ratios for all injury types.
Thinking in R 2 terms, the class relativities could be said to "explain" 98% of the "between quintiles" variance. This is not actually a regression, but the statistic is still impressive by real-life actuarial standards. The use of class relativities significantly improves the class frequency by injury type estimation.
CONCLUSIONS
Individual class experience contains information relevant to future large loss relative frequency. A correlated credibility approach using the relationships among injury-type frequencies within each class can utilize this information.
